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Abstract. Ultrasonic wall thickness monitoring using permanently installed sensors has become a tool to monitor pipe wall 
thicknesses online and during plant operation.  The repeatability of measurements with permanently installed transducers 
is excellent and can be in the nanometer range. It has, however, also been shown that the measured wall thickness is 
dependent on surface morphology and that when there are changes in surface morphology the monitored thickness trends 
can be affected. With an adaptive cross correlation approach, this effect can be successfully muted. However, under some 
surface morphology change conditions, this can also lead to inaccuracies. Here, an approach to detect when surface 
morphology changes can influence trend accuracies is presented. This method requires the combination of measurements 
from several sensors that independently sample an area where the same wall loss mechanism is assumed to occur. 
Simulation results for the effectiveness of the technique are presented.
ULTRASONIC WALL THICKNESS MONITORING
Ultrasonic thickness gauging is one of the best established NDE techniques. Wall thicknesses are measured by 
sending an ultrasonic signal from a transducer into a component and by recording and timing the separation of signal 
echoes within the component. There are international standards that describe the technique in detail [1, 2]. In wall 
thickness monitoring thickness gauging is carried out with a permanently installed transducer at a fixed location in 
space and at regular and frequent time intervals. The time series of measurements results in a graph of wall thickness 
against time which can be used to determine wall thickness trends. Ultrasonic monitoring is advantageous as compared 
to repeat inspection because the reduction in uncertainty of location and the frequency of measurements results in 
better repeatability and wall thickness measurement precision. Several groups [3, 4, 5] have reported tracking of wall 
thicknesses with sub micrometer precision in the laboratory. A key application of this technology is the determination 
and confirmation of corrosion rates in industrial plants such as refineries. For example Fig. 1 shows a wall thickness 
trend monitored in an operational plant. Three operational regimes are clearly visible, an initial period of high 
corrosion rate, followed by a period of limited to no corrosion and finally an increase in corrosion rate again. This 
information can be used to assess the effect of process conditions, corrosion inhibition strategies or feedstock on the 
integrity of the plant.
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FIGURE 1. Ultrasonically measured wall thickness as a function of time on a steel component in a refinery. The wall thickness 
was evaluated using a peak to peak timing algorithm. Periods of relatively high and no wall loss are clearly identifiable.
However, if simple signal processing algorithms are used to extract the wall thickness from the ultrasonic data 
then it is possible for artefacts to appear in the monitored wall thickness data. An example of that is shown in Fig. 2. 
The plot shows a period of about 2 months during which there are rapid oscillations in the wall thickness, at first rapid 
loss of wall thickness followed by a rapid increase. This, off course, reduces confidence in the ultrasonically monitored 
corrosion rate data that is obtained by simple processing with a peak to peak algorithm. This phenomenon is rooted in 
the physics of ultrasonic waves and their interactions with boundaries of uneven surface morphology (the internal
walls of the component under test). The corrosion process constantly modifies the surface morphology and the 
ultrasonic wave reflects differently from the surface, resulting in distortion of the signal. Figure 3b) shows the 
ultrasonic signals that were recorded at the times indicated in Fig. 2. In those ultrasonic signals there is a clear 
indication of distortion of the shape of the reflected wave pulse. The authors have in the past reported on this problem
and also devised a more robust algorithm [6], adaptive cross correlation (AXC), that is more reliable at extracting wall
thickness trends in the presence of surface morphology changes. In this paper, the basics of AXC and its performance 
will be recalled, following this further improvements in the capabilities to monitor corrosion rates ultrasonically by 
the combination of measurements from multiple sensors will be presented.  
FIGURE 2. Ultrasonically monitored wall thickness (peak to peak algorithm) as a function of time. The highlighted central 
region contains an artefact of apparent rapid wall thickness changes that is introduced by the interaction of the signal processing 
algorithm and the distorted ultrasonic signal that is reflected from a surface with altered surface morphology.
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FIGURE 3. a) Illustration of signal path for the particular sensor that was used in the measurements b) Ultrasonic signals 
recorded at times indicated by the arrows 1, 2, 3 and 4 on Fig. 2.
ADAPTIVE CROSS CORRELATION (AXC)
AXC was conceived to track temporal shifts in the ultrasonic signal under conditions where the signal is allowed 
to gradually become distorted. As the name suggests, the algorithm is based on cross correlation, which is an 
established algorithm for travel time extraction of radio frequency (RF) signals. The algorithm makes the underlying 
assumption that the signal shape changes slowly with time and that this can be sampled regularly. When estimating 
the change in travel time of the surface wave signal and the 1st backwall echo (see Fig. 3a for illustration of the signal 
paths) the algorithm cross correlates the received backwall signal with that of the previous measurement in order to 
work out the arrival time shift between the two signals. Therefore, as long as signal shape changes are relatively small, 
this method will mainly determine the temporal shift in arrival of the backwall echo with minimal effect of the 
distortion on the result. The method is described in detail in [6 ,7] and the interested reader is referred to these 
documents for more information. Figure 4 shows that the algorithm is able to reject the surface morphology induced 
artefacts of the peak to peak analysis which results in a much smoother wall thickness trend estimate.
FIGURE 4. Ultrasonically monitored wall thickness as a function of time as extracted by the peak to peak algorithm and by 
AXC. Data in the highlighted region indicates that the inaccurate wall thickness changes that resulted from effects of the surface
morphology changes on the ultrasonic signal are mitigated by the AXC algorithm.
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Performance Study of AXC on Components with Evolving Surface Morphology
The results of Fig. 4 have highlighted that AXC can result in much better estimates of corrosion rates/wall thickness 
trends because it actively corrects for surface morphology induced distortions of the monitored ultrasonic signals. In 
order to assess how well different algorithms can extract corrosion rates from rough surfaces with evolving surface 
morphology, the performance of AXC and other standard time of flight extraction methods (peak to peak [P2P], first 
arrival [FA] and cross correlation [XC]) was simulated [6]. The performance simulation required several sub modules: 
? “A surface evolution generator”: This module generated geometric models of rough surfaces, defined how 
their morphology changed and how their mean plane moved towards the transducer in 50 discretized steps. 
Gaussian rough surfaces of known RMS and fixed correlation length (1mm) were simulated. The model gave 
full control over the evolution of the RMS in between steps. 200 sequences of evolving rough surfaces with 
different realizations of the same RMS evolution were simulated. 
? “A ultrasonic signal simulator”: Based on the geometries that were generated by the surface evolution 
generator, ultrasonic signals for each surface were simulated using the DPSM technique [8]. Only 2D profiles 
were simulated because this resulted in ~100 faster simulation times. It had previously been demonstrated that 
2D simulations result in a worst case scenario where signal distortions due to scattering from the rough surface 
are increased because of a lack of spatial averaging at the receiver. 
? “A thickness extraction algorithm”: Once ultrasonic signals were available for each surface in a sequence 
of evolving surfaces, a signal processing algorithm was used to extract the wall thickness change from one 
particular surface to the next in the sequence so that for each surface evolution (sequence) a wall thickness 
trend could be calculated by fitting a straight line to the wall thickness vs step number plot.
? “Data visualization”: Once trends from the simulated data were available, the distribution of the trends about 
the actual simulated wall thickness trend (corrosion rate) was extracted and expressed in form of a relative 
percentage error. The percentage error was chosen so that it is possible to compare trends of surface evolutions
with grossly differing mean wall thickness loss and RMS values. The distributions of the errors from the mean 
wall loss trend for each signal processing algorithm were then displayed in form of a box and whisker plot, 
where 50% of the results are contained within the size indicated by the rectangular box and 90% within the 
whiskers. 
Surface Morphology Evolutions  
Figure 5 illustrates the different types of surface RMS, perturbations thereto and surface RMS evolutions that were 
simulated.  These can be categorized as cases with constant RMS throughout the whole sequence, i.e. spatially uniform 
wall loss/corrosion and cases with increasing or decreasing RMS, which would be more representative of spatially 
non-uniform corrosion where the thicker parts stay thicker and thin parts become preferentially thinner. 
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a) b)
FIGURE 5. Illustration of the different surface morphology evolutions that were simulated, showing a) spatially uniform wall 
thickness loss (with constant RMS) or b) spatially non-uniform wall thickness loss where the RMS of the surface is either 
increasing or decreasing.
AXC Performance Results
Figure 6 shows the resulting box and whisker plots that summarize the trend error distributions which resulted 
when the ultrasonically simulated signals from the simulated surface evolutions were analyzed with the indicated 
signal processing algorithms. The following observations were made:
1. AXC performs best for all surface conditions with other processing techniques resulting in up to 5 times larger 
trend error distributions. 
2. All algorithms perform worse on surfaces with increasing and decreasing RMS (non-spatially uniform surface 
changes).
3. The non-AXC algorithms have error distributions that are much larger than +-100% for the surfaces with 
changing RMS.
4. The non-AXC algorithms seem to be biased and either underestimate the wall thickness trend/corrosion rate 
for surfaces with increasing RMS or overestimate the wall thickness trend/corrosion rate for surfaces with 
decreasing RMS.
5. For surface evolutions with constant RMS there seems to be little change in trend error as a function of RMS 
or perturbation size.
6. For surfaces with growing or shrinking RMS the trend error distributions get smaller as the perturbation size 
increases, i.e. more randomness is introduced into the evolving surface, rather than stretching or squashing of 
the original RMS surface profile.
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FIGURE 6. Trend error distributions for the different surface morphology evolutions evaluated using the 4 different signal 
processing algorithms (AXC-green, P2P-red, FA-blue, XC-black). The first three columns simulate evolutions of 50 surfaces, 
whose RMS stays constant throughout the evolution and which are perturbed by surfaces of RMS (5, 15,30 ?m) as indicated by 
the different rows. The last two columns show results for a growing or shrinking RMS with respect to the starting RMS value of 
the surface.
AXC AND COMBINING INFORMATION FROM MULTIPLE SENSORS 
Figure 6 shows that AXC performs very well on surfaces that have evolving surface morphology where there is 
uniform thinning that is spatially randomly distributed. For the surfaces with growing or shrinking RMS the errors are 
larger, albeit acceptable if there is a relatively large random perturbation of the shape of the surface. In the simulations 
it has been possible to quantify the error of the measurement because the true evolution of the surface is known. In a 
real life measurement this is not the case and therefore we looked into analysing the performance of the system when 
data from multiple sensors on a surface with the same statistical evolution parameters is combined. The idea being 
that changes in width of the distribution of the sensor results might provide an indication of how good the 
measurements are. The following was done:
N numbers of sensors were used to measure N trends on surfaces with statistically identical morphology evolutions. 
For all the trends a mean trend was calculated. Using this method 200 mean trends of N sensors were calculated. 
Results for N=5 and N=12 are presented in Fig. 7 and 8 respectively. When averaging the trends of the individual 
sensors it is assumed that they are independent observations of the surface. This is a reasonable assumption if the 
sensors are spaced out by more than 2 correlation lengths of the rough surface, which would most likely be the case 
in practice as the sensor size is larger than typically reported correlation length of corroded surfaces and they could 
not be physically placed closer together. 
Once the error distribution of the averaged trends was computed and compared to the underlying mean loss, we 
also looked at the distribution of the trends from the individual sensors that make up the averaged trend. Therefore the 
standard deviation of the trend error for each set of N trends was evaluated. This result is displayed in Fig. 9 for N=12.
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FIGURE 7. Trend error distribution of the average of N=5 trends as compared to Fig. 6, where N=1.
FIGURE 8. Trend error distribution of the average of N=12 trends as compared to Fig. 6, where N=1.
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FIGURE 9. Standard deviation of the trends in Fig. 8 (N=12) expressed as a percentage of the real underlying wall loss trend.
(Note that in the top right hand plots no data for the P2P and FA is displayed because the STD is larger than 100%) 
Discussion of Multi Sensor AXC Results
Figures 6-8 clearly show that as N increases the trend distributions tighten and the width of the error distribution 
of the averaged trend reduces. This is the case for all surface morphology evolutions and is expected as we are 
effectively averaging independent measurements that are perturbed by a random process. The performance increase 
(narrowing of error distributions) is also roughly proportional to ?N which would be expected from averaging. 
Therefore the averaging of several trends seems to be a viable way to improve performance in estimating corrosion 
rates. Furthermore, Fig. 9 shows that the standard deviation of the N trends that are being averaged is small when there 
is a small trend error and the width of the trend error distribution and the standard deviation of the N trends is larger 
when the RMS of the surface is growing or shrinking and the corresponding trend error distributions are wider. 
Therefore the standard deviation of the multi sensor trends is a direct indicator of the confidence that one can have in 
the averaged trend. A large spread in trends between the N sensors indicates non-uniform corrosion, while a small 
spread indicates that the averaged trend is a good estimate of the real underlying mean wall loss trend.
CONCLUSION
A simulation based investigation into the effect of surface morphology changes on UT monitored wall thickness 
trends/corrosion rates was presented. The following was found:
? There are substantial differences between the different signal processing algorithms.
? The purposely developed AXC algorithm performed best on all surfaces with up to 5 times narrower trend 
error distributions.
? On surfaces with growing or shrinking RMS, the performance was worse and larger trend estimation errors 
were observed.
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? Use of the data of multiple sensors improved the distribution of the averaged trend errors.
? The spread in the predicted rates from the multiple sensors is a direct indication of accuracy of the mean trend.
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